a This paper proposes a dynamic Bayesian rolling window estimation procedure applied to the three-factor model of Fama and French to analyse herding behaviour in the style exposures of mutual funds. This procedure allows a user to dynamically select the length of the estimation window by means of weighted likelihood functions that discount the loss of information because of time. This method is very flexible and allows us to consider different approaches of detecting herding behaviour by taking into account the uncertainty associated in the estimation of the style coefficients. In particular, the paper first determines the convergence behaviour following the traditional LSV herding measure and then refines this method by removing the influence exerted by market conditions, such as market volatility and returns, on this convergence. This process is empirically illustrated by an application to Spanish equity mutual funds.
Introduction
Recent research in financial economics suggests that both rationality and emotion are important factors in the decisionmaking process. This idea, introduced by behavioural finance, challenges the efficient market paradigm, in which prices reflect all available information. In fact, the financial media often portrays institutional investors as driving prices from fundamental values and generating excess volatility, which can lead to mispricing and bubbles. In this context, certain psychological biases, such as investors' preference to avoid losses (see, e.g., [1, 2] ), may imply that significant price fluctuations are not necessarily related to the arrival of economic information but may instead correspond to collective phenomena, such as herding behaviour.
Herding is generally defined as a simple convergence of behaviour [3] . However, this convergence can arise from the interactions among financial agents when they decide to imitate or copy the decisions of other agents or from the existence of certain common external factors or information available for the group. The first behaviour would be considered 'true herding', whereas the second would be termed 'spurious herding', according to Bikhchandani and Sharma [4] . The empirical identification of the split between both types of herding is not an easy task because of the large number of factors that can influence an investment decision.
Several theoretical models of herding behaviour have been proposed in the literature. These models suggest different arguments to explain this phenomenon highlighting the following: underlying investors' flows [5] , institutional feedback trading [6] , reputation [7, 8] , informational cascades [9, 10] , and the existence of correlated signals [11] . Consequently, herding is usually explained within the context of the agency theory, in which compensation and reputation play an important role.
In spite of the theoretical arguments, the dominant role of institutional investors in financial markets worldwide has led researchers to empirically examine this phenomenon. To do so, researchers have used different methodologies, relying on varying data and markets. Concretely, Lakonishok et al. [12] proposed a metric (Lakonishok; Shleifer; Vishny (LSV) metric hereafter) that has been widely used when examining institutional herding. ‡ The LSV measure is based on the trades conducted by a group of market participants and compares the actual behaviour of managers with an ideal scenario that assumes independent and random trades. The aim of the LSV metric is to detect convergent patterns in the buying and selling decisions of portfolio managers. In spite of the growing empirical literature focusing on herding in individual stocks, the proposed reasons for herding at the level of individual assets hold at least equally well at the industry and style levels (see, e.g., [16, 17] ).
As opposed to Choi and Sias [17] , who focused on industry herding because of the industry/sector recommendations of financial analysts, we focus on convergent patterns of investment styles, considering mutual funds' exposures to the market, to market capitalisation and to book-to-market ratios, given the importance of the investment style to explain the performance achieved by portfolio managers. Consequently, we first determine the style exposures of Spanish mutual funds to the three factors included in the model of Fama and French [18] and then examine the evolution of investment styles through time to detect convergent behaviour among managers.
As previously stated, these convergent patterns can reflect the same reactions of managers to common information. This circumstance leads us to account for the market conditions when evaluating the herding level. Hence, the paper also aims at evaluating the estimated level of spurious herding linked to concrete market conditions in each period. From this analysis, we can determine the intentional herding depending on whether the observed behaviour of the manager differs significantly from the expected behaviour, depending on market conditions. Additionally, it is important to note that the style coefficients have been estimated and therefore introduce uncertainty within the estimation process; this circumstance should be considered in capturing the herding level. To tackle this issue, we propose a Bayesian rolling window estimation procedure that dynamically selects the length of the estimation window by means of weighted likelihood functions that discount the loss of information because of time. Once the posterior distributions of the beta coefficients of the model are calculated, we introduce a general method to analyse the herding behaviour, comparing the changes in the style coefficients estimated to those expected under the hypothesis of no herding.
The first contribution of our paper refers to the extension of the style investing literature. Despite the importance of investment styles to portfolio management, only recent research has been devoted to analysing the style herding so far (see, e.g., [16, 17] ). Second, this paper provides a methodological contribution because it is the first study, to the best of our knowledge, to take into account the uncertainty associated with the estimation of style exposures in capturing style herding. To this end, we use a Bayesian rolling window estimation procedure that allows us to estimate the style coefficients without any previous specification of the dynamic evolution equation.
Our results first provide evidence of herding behaviour among managers when using the traditional LSV herding measure. Second, splitting this herding level into the imitation and convergence explained by the commonly available information about market conditions (return and volatility) allows us to detect more accurate herding levels.
The paper is organised as follows. In Section 2, we set up the problem and describe the estimation procedure of the style exposures. In Section 3, we detail the methodology used to analyse the herding behaviour. Section 4 applies the proposed procedure to the analysis of Spanish equity mutual funds. Finally, Section 5 draws final conclusions. Some mathematical details of the paper are located in the Appendix.
Bayesian dynamic estimation of the style exposures
In this section, we set up the problem and describe the estimation procedure of monthly style exposures from the daily gross excess returns.
Problem set-up
We consider N mutual funds observed in period {1, … , T}. Let R i,t be the daily return of mutual fund i in day t where t i ⊆ {1, … , T} is the observation period, for i = 1, … , N § ; let y i,t = R i,t − RF t be the excess return of mutual fund i in day t where RF t ; t = 1, … T is the daily evolution of the risk-free rate. Finally, let { k ; k = 1, … , K} be the months included in the period {1, … , T}.
To determine the monthly style coefficients of each mutual fund, we use the three-factor model of Fama and French [18] given by:
Estimation of the model
To estimate the monthly beta coefficients
we use, for each mutual fund and each month, a Bayesian rolling window estimation procedure based on the use of a geometrically weighted likelihood function that discounts the loss of information because of time. This procedure sequentially determines the importance of past months to the estimation of the previous coefficients, taking into account their position with respect to the current month. The use of a weighted likelihood function enables us to avoid an explicit specification of a concrete dynamic evolution for the beta coefficients β i,k by selecting for each month and mutual fund, the data that must be taken into account for the estimation and the weights to be assigned to them in the estimation process. Consequently, this method permits the data to 'speak for themselves', lending a semi-parametric flavour to our estimation procedures. Note that time-based weighted likelihood methods have been traditionally used to calculate robust maximum likelihood estimators [19, 20] , as they are particularly appealing for dealing with the quite nonstandard properties of assets returns, including nonlinear dynamics that change over time (i.e., volatility clustering), high excess kurtosis, and possible timevarying parameters [21, 22] . To the best of our knowledge, there are no Bayesian analyses that have used these methods, with the exceptions of Newton and Raftery [23] , who proposed a Bayesian weighted likelihood bootstrap procedure to calculate the posterior distribution of the parameters in a different context, and of West [24] , who proposed the use of power discounting of prior distributions as a general approach to build neutral alternatives in Bayesian model monitoring processes. Next, we explain how this weighted likelihood function is built and describe the prior distribution of the parameters of the model.
and γ i,k ∈ (0, 1] is the discount factor applied to each observation. Let
be the previous observed time interval of the i th mutual fund, including the current month k ; i,k = ( y i,t ; t ∈ i ⩽k )′ be the observations of the i th mutual fund returns in provided by past observations on the estimation of i,k in such a way that the lower its value, the larger the discount of the past information. ¶ Note that if γ i,k = 1, the observations { i,j ; j = 1, … , k} are assigned the same weight (equal to 1), and if γ i,k = 0, the past observations { i,j ; j = 1, … , k-1} are discarded to estimate i,k because they are assigned a weight equal to 0. Only current observations i,k are assigned a weight equal to
This estimation procedure has several advantages. On the one hand, the use of a weighted likelihood function enables us to avoid the specification of any evolution equation of the coefficients i,k , the values of which are determined by the observations { i,j ; j = 1, … , k} and the discount factor γ i,k . Moreover, the assumption of an unknown discount factor, γ i,k , which is estimated using the data, provides a non-parametric flavour to the procedure, increasing its flexibility. On the other hand, the application of a Bayesian approach allows us to make exact inferences about the parameters i,k and γ i,k . To that end, we need to specify the prior distribution described next.
2.2.2. Prior distribution. The prior distribution is given by the following:
where 0 (4 × 1) is a known vector, β = diag
, n τ > 0, s 2 τ , and 0 ⩽ g min < g max ⩽ 1 are known constants. Additionally, we assume that (2.3)-(2.5) are mutually independent.
2.2.3. Posterior distribution. Inference about the component of i,k parameters are made from their posterior distribution that, by the Bayes theorem, is given by the following:
where I A (.) denotes the indicator function. Given that this distribution is not analytically tractable, we used MCMC methods. Specifically, we used Gibbs sampling (see, e.g., [25] ) to make these calculations. Most of the full conditional distributions of (2.6) are standard and are given in the appendix. From this algorithm, for each mutual fund i = 1, … , N and month k ; k ∈ {1, … ., K} such that k ∩T i ≠ ∅, we obtain a sample:
of (2.6), from which we can make inferences about the style coefficients β i,k used to analyse the existence of herding.
Bayesian analysis of herding behaviour
In this section, we describe a general algorithm to analyse the existence of herding behaviour in the monthly evolution of the style coefficients {(β 1,i,k , β 2,i,k , β 3,i,k ); k = 1,…,K; i = 1,…,N}of each mutual fund. This algorithm takes into account the uncertainty associated with the estimation of the above coefficients, providing a more accurate quantification of the estimation error. We first apply this general algorithm considering the approach of the LSV measure, and then we take the market conditions into account.
General procedure
Our objective is to detect the potential existence of herding, analysing the convergence of movements in style coefficients. This analysis is carried out for each month, M k , and for each style coefficient, β j , through the comparison of the 'observed' percentage of mutual funds that have increased the style exposure, P
, with their expected value under the hypothesis of no herding in month M k , EP
The 'observed' percentage is given by P
, there is not herding; otherwise, if P
If there is no herding in month M k , the actual behaviour of managers would be given by an ideal scenario that assumes independent and random trades in such a way that:
where M + j,k is the number of funds that increase their risk exposure to the j th factor. In order to decide if there is significant evidence of herding, we fix a threshold 0<γ<1 and, taking into account (3.1), we calculate the posterior p-values [26] :
where Q
These posterior p-values measure the evidence for no herding hypothesis by taking into account that P
is measured with error because it depends on the estimated values of the style coefficients {(
3)) is less than or equal to γ, we will conclude that P
) and, therefore, there is significant evidence of selling (resp. buying) herding in month M k . On the contrary, if the minimum of (3.2) and (3.3) is larger than γ, we will conclude that there is not significant evidence of herding.
Using the Monte Carlo method, we calculate (3.2) and (3.3) by means of the following expressions:
where
Applications
After describing the general procedure of analysing the existence of herding, in this section, we consider two applications. First, we apply this methodology to the LSV measure where EP + j,k = 0.5, under the assumption that the probability of increasing the style exposure is the same as the probability of decreasing it. Second, given that the LSV herding metric does not consider that convergent patterns can be partially explained by similar reactions to common information, we propose an alternative approach to establish an expected herding level that takes into account the information provided by a set of Q covariates (C 1 , …, C Q ) that describe the market conditions. Concretely, we set up the following binomial regression model to calculate the expected percentages EP + j,k according to the market conditions:
where (C 1,k , …, C Q,k ) are the values of (C 1 , …, C Q ) in the month M k for k=1,…, K. We take a fairly non-informative prior on
In this case, and given that EP
depends on Ψ j , the calculation of (3.2) and (3.3) will be made using the following expressions:
respectively, where is given by (3.6) and
, which can be calculated using MCMC procedures. ||
Empirical application to Spanish equity mutual funds
In this section, we apply the methodology described in Section 3 to analyse the herding behaviour of Spanish equity mutual funds.
Data
Our primary data source is the survivorship bias-free mutual fund dataset provided by the Spanish Securities Exchange Commission (CNMV). This database covers Spanish open-end mutual funds and provides information about net asset values, total net assets, investment objectives, and other fund characteristics. Additionally, we collect information on the Our analysis of style herding is based on return data. Although this information is apparently less informative than portfolio holdings, return data are collected with a higher frequency than portfolio holdings. Furthermore, portfolio holdings information is problematic when fund managers are following window dressing practices to disguise the actual portfolios held. In this context, we use daily return data, whereas previous papers analysing mutual fund herding either were focused on quarterly portfolio holdings ( [12, 17] , among others) or used monthly returns [27] .
We focus on the Spanish mutual fund industry because of its rapid growth in the last two decades. In 1989, the industry managed €5 billion, increasing to €162 billion by December 2009. Concretely, we focus on domestic equity funds because of their relevance in the equity market segment based on the number of funds and money managed. Fund classification is based on self-stated investment objectives declared by the fund and reported to the supervisory entity (CNMV).
Our final sample spans the nine-year period from January 2001 to December 2009 (K = 108 months and 2235 daily observations) and includes N = 144 funds. Consequently, it covers the most important years of the development of the Spanish fund industry and different market scenarios (bull and bear markets). Summary statistics of our sample are shown in Table I . Table I shows that the median monthly excess return of the sample reaches the value of 0.85%, although the mean value is 0.33%. Additionally, a high standard deviation of the funds' excess returns (5.41%), a high asymmetry (mean value 1.90), and a high leptokurtosis (mean value 8.96) are reported. The last two features are generally observed in our mutual fund sample due to the extreme excess return values achieved by some portfolios (from -38.14% to 22.97%). Market premium also follows similar patterns, although taking less extreme values. Figure 1 shows the monthly evolution of the market excess return ( Figure 1a ) and volatility ( Figure 1b) . Figure 2 shows the distribution of the funds' excess return (Figure 2a ) and volatility (Figure 2b 
Estimation of the style coefficients
The use of daily return data allows us to collect sufficient observations to estimate the style exposures of each mutual fund in each month without losing the ability to capture reasonably rapid changes in the investment style [28] . The consideration of longer time intervals (usually quarterly in the case of institutional investors) undervalues herding whether this behaviour occurs within shorter periods. On the other hand, shorter periods provide less reliable estimations of the beta coefficients by increasing the probability of detecting spurious herding behaviour. For that reason, we analyse herding behaviour through the monthly evolution of style exposures.
The estimation of the style coefficients {(β 1,i,k , β 2,i,k , β 3,i,k ); k = 1,…,K; i = 1,…,N}is performed as described in Section 2, in which we take b 0 = (0,1,0,0)'; s 2 β,j = 100 for j = 1, …, 4; n τ = 0.01 and s 2 τ = 1 in the prior distribution (2.3)-(2.5) for each mutual fund, which is a fairly non-informative prior. ** Furthermore, to avoid large uncertainty in the estimation of style coefficients due to a small window size, we use g min = 0.5 and g max = 1. Gibbs sampling was run using 5000 iterations for each month and fund combination, and we discard the first 4000 iterations to achieve convergence. Figure 3 shows the monthly evolution of 2.5, 50, and 97.5 quantiles of the posterior median of the style exposures (β 1,i,k , β 2,i,k , β 3,i,k ) of the mutual fund sample. Figure 3a shows that the median exposure to the market was stable at a level of 0.9 across the time period analysed. Additionally, Figure 3b indicates that the median exposure to the SMB factor was slightly positive for the majority of the mutual funds studied and also increased in the last months of time period. Finally, the median exposure to the HML factor is mainly negative (see Figure 3c ). Table II shows the results obtained from the application of LSV metric to the coefficients {β j ; j = 1,2,3}. † † In this analysis, we try to detect herd behaviour, considering γ = 0.05 and 0.01 and using expressions (3.4) and (3.5) to calculate p-values (3.2) and (3.3) with EP with the direction of that convergence (increase (+) or decrease (-) of the style exposures). Specifically, buying herding situations are detected when (3.3)/(3.2) are lower than 0.05 or 0.01 (signalled with + or ++, respectively), which means that the 'observed' percentage P
Herding behaviour considering the LSV measure
is significantly higher/lower than the 'expected' reference, EP
, 50% in this case. Similarly, selling herding situations are detected when (3.3)/(3.2) are larger than 0.05 or 0.01 (signalled with -or --, respectively), which means that the 'observed' percentage P + j,k is significantly lower than EP + j,k . Table II provides evidence of the number of months with significant herding for the different coefficients analysed. Specifically, 32 months for β 1 (17 months with increasing exposures to the equity market and 15 with decreasing exposures), 32 for β 2 (19 months with increasing exposures in small stocks and 13 with increasing exposures in large stocks), and 30 for β 3 (16 months with increasing exposures in value stocks and 14 in growth stocks).
Analysis of the influence of market conditions on style parameters
In this section, we analyse the influence of the market conditions on the evolution of the estimated style coefficients by means of the regression model (3.7)-(3.8). Later, these results will be used to analyse the existence of herding, taking into account the market conditions (Section 3.2).
To measure the market conditions, we considered the market excess return and its volatility in upward and downward periods. These variables are available for all managers and can inform them about the risk and the profitability conditions of the market. Concretely, we consider the following covariates:
RMRF t is the mean excess return of the market portfolio and LVol k is the logarithm of the volatility of market excess return in month M k , where Table III shows the estimation results of the coefficients { j,m ; m = 1,…, 6}of model (3.7)-(3.8) for each style coefficient {β j ; j = 1,2,3}. With respect to the exposure to the market portfolio (β 1 ), the only significant coefficient corresponds to the covariate I ( RMRF k ⩽ 0 ) RMRF k , which is significantly negative. This result implies that in bearish periods, a decrease in the excess return of the market causes a growth in the percentage of mutual funds, increasing their exposure to the market. This apparent incoherence is collected in the literature as 'perverse' market timing (see, e.g., [29] , which demonstrates that the individual stock betas tend to increase/decrease in bear/bull markets).
With respect to the exposure to the factor SMB (β 2 ), the significant coefficients correspond to the I
RMRF k covariates, with the first two being significantly negative and the third significantly positive. There is, therefore, a growth trend of the percentages of mutual fund managers that increases their exposure for extreme levels of the market excess return, both in positive and negative terms. Hence, it seems that portfolio managers tend to increase the proportion of small stocks in their portfolios in extreme market situations, most likely in search of investment opportunities. Finally, we also detect that portfolio managers tend to increase their exposure to factor HML in bull markets. Hence, the higher the excess market returns are, the higher is the proportion of value stocks they include in their portfolios.
According to these results, we can conclude that market returns exert a significant influence on the dynamic evolution of the investment styles of mutual funds. Therefore, the exposures tend to be influenced by the bearish or bullish character of the periods and the magnitude of the market excess return. Meanwhile, the market volatility is not revealed as a significant factor to explain this evolution. In the next section, we go one step further and try to capture 'true' herding, considering the market conditions, which are common to all managers and can therefore lead to similar reactions.
Herding behaviour considering market conditions
Tables IV-VI show the monthly herding results for coefficients {β j ; j = 1, 2, 3}, respectively, using γ = 0.05 and 0.01. The probability of no herding was calculated as the minimum of (3.2) and (3.3), which were calculated using expressions (3.9) and (3.10), respectively. Additionally, we show the point estimation and the 95% Bayesian credibility intervals of P + j,k calculated from the posterior median (Q50) and the posterior 2.5 (Q2.5) and 97.5 (Q97.5) quantiles of the posterior Specifically, we observe that our alternative approach confirms the existence of herding in β 1 in 27 out of the 32 months previously detected by the LSV herding measure. Meanwhile, in the remaining 5 months, the apparent herding is explained by the market conditions. On the other hand, our market condition approach finds herding in two additional months. Regarding β 2 (β 3 ), we find that in 28 (26) of the 32 (30) previously detected by the LSV herding measure, the alternative approach confirms the existence of herding.
These consistent findings show that the LSV measure detects convergence patterns that can be partially explained by the identical responses of managers to the same financial information. On the other hand, our alternative approach goes a step further, refining these convergence patterns and discarding those similar movements because of the concrete market conditions in each month.
Conclusions
This paper proposes a new statistical methodology to analyse the existence of herding behaviour in the investment style followed by mutual funds. The methodology is based on a dynamic calculation of the difference between the percentage of mutual funds that change the style in comparison with the expected percentage under the assumption of no herding. Additionally, we refine the procedure taking into account the market conditions to dynamically determine the herding level. This improvement, to the best of our knowledge, has not been previously proposed in the literature.
The starting point was the three-factor model of Fama and French [18] estimated by a Bayesian rolling window procedure that allows a user to dynamically select the length of the estimation window through weighted likelihood functions that discount the loss of information because of time. Using the estimations of the style coefficients, two posterior p-values were calculated to examine the existence of any significant difference between the observed and expected mutual fund behaviour under the hypothesis of no herding. Unlike other methodologies proposed in the literature, our procedure addresses the uncertainty associated with the estimation of the style coefficients and, therefore, increases the reliability of the results. In future research, it would be interesting to extend our analysis using other ways of building the weights in the Bayesian procedure, such as, for instance, hyperbolic [30] or more general schemes [21, 22] .
Finally, an illustrative application is provided on the analysis of the dynamic evolution of Spanish mutual fund style exposures. Our results show that managerial decisions about investment styles are significantly influenced by market conditions and, more concretely, by the market excess return. Additionally, the results show the existence of significant herding behaviour over several months. With this study, we confirm the existence of herding, considering the univariate movements in the style coefficients of Spanish mutual funds. Future research could focus on multivariate movements.
